I. INTRODUCTION
Lithium-ion batteries have been used as part of the Energy Storage System for Hybrid and Electric Vehicles as an alternative to replace fossil fuels or improve its efficiency in automotive vehicles. As well, in order to decrease the emissions of greenhouse gases and toxic pollutans from internal combustion engines which have been linked to adverse health effects in urban environments [1] , [2] . Lithium-ion batteries are prefered over other methods of energy storage, and other battery chemistries due to its higher energy and power to weight ratios [3] , [4] .
Automotive Energy Storage Systems consists of hundreds or thousands of cells added together to meet the energy and power required by the traction motor as well as the ancillary equipment. To ensure safe and efficient operation of the system, physical devices and control algorithms must be implemented. Battery Management Systems (BMS) include the hardware and software required to monitor the status of the cells avoiding conditions of under/overcharging during operation of the batteries [5] , [6] . Both conditions can result in irreversible damage to the cells reducing its capacity to store and transfer charge; thus, shortening the life-span of the overall system. Also, careful control must be implemented during battery normal operation and charging to avoid excessive increase in temperature resulting in premature ageing or even inducing the cells into thermal runaway [7] , [8] . To prevent this, the BMS must monitor the state of the cells by means of physical sensors; however, some states cannot be measured directly as is the case of the charge available in the cells, or State of Charge (SOC). Failure to accurately estimate the SOC would result not only in the aforementioned conditions but also in a system that poorly predicts the remaining range of the vehicle. Then, extensive research has been performed to implement accurate SOC estimation algorithms [9] , [10] .
Validation of BMS algorithms requires the use of dedicated facilities to cycle the batteries which is expensive, time consuming and presents safety hazards [11] , [12] . Using a computer model of a battery that outputs the voltage response to a given current input has been used for development of battery estimation algorithms without incurring in the difficulty of cycling actual cells. Different computer models for batteries exist based on the intended final application mainly classified as Electrochemical models and Equivalent Circuit Networks (ECN). Electrochemical models are high fidelity models that represent the physical reactions occurring inside the cell and are usually used for cell design purposes. They consist of a system of Partial Differential Equations that must be solved using computer expensive numerical methods or through complex procedures to obtain reduced order models [13] - [15] . On the other hand, ECN are simplified representations that use circuit components as resistors or capacitors to emulate the battery terminal voltage output given a current input. Though they are less accurate than the Electrochemical models, they are also less complex and less resource demanding for computer applications. Hence, they are used for real-time validation of estimation algorithms [16] , [17] .
Hardware-in-the-loop (HIL) methodology has been used to accelerate development of components in the automotive industry by using a computer model of a system in a closed loop with a physical component [18] - [21] . The computer model can be modified and updated without having to change the physical test facility which gives flexibility, reducing costs. This approach allows to test control and estimation algorithms to be later embedded in Electronic Control Units in charge of managing the engine, motors, transmission and energy storage systems or to regulate the interactions between them [22] .
The objective of this paper is to present the development of a State of Charge estimation algorithm and its verification against an Equivalent Circuit Network model of a lithium-ion 18650 cell in a Hardware-in-the-Loop setup. Accurate realtime capable SOC algorithms are required to develop robust Battery Management Systems for the next generation of automotive vehicles based on alternative fuel energies.
II. BATERY MODEL
Different types of ECN models have been proposed and can be categorized according to the components included in the circuit as Thevenin, Impedance and Runtime Networks [23] . Thevenin models include resistors and capacitors to represent the electrochemical processes of the battery, Impedance models add complex impedances to represent the diffusion processes inside the cell, Runtime networks include current and voltage controlled sources to also estimate the battery lifetime. The simplest ECN is a Thevenin model consisting of a voltage source in series with a resistance to represent the battery open circuit terminal voltage and internal resistances, respectively. Improved accuracy can be obtained by adding components to the circuit as capacitors and inductors; however, this increases the complexity of the model and could require longer times for its solution. A Thevenin model with a voltage source in series with a resistance and a resistor-capacitor network is proposed in [24] to model a lithium-ion 18650 cell for real-time analysis of the effects of individual cell degradation in a system of cells. A runtime model is presented in [23] including a Thevenin circuit with two resistor-capacitor networks accounting for the short and long term transient response of a battery to a step change in current. Also, the Open Circuit Voltage is as function of cell ageing and state of charge. The BMS estimation algorithms proposed in [25] use Impedance and Thevenin models with parameters obtained through an applied AC signal of varying frequency to obtain the battery complex impedance behaviour in the frequency domain, a procedure defined as Electrochemical Impedance Spectroscopy (EIS). Comprehensive reviews of battery modelling methods can be found in [16] , [17] including different ECN as well as Electrochemical models. The experimental comparison of five different ECN performed in [26] showed that using a Thevenin network with two resistor-capacitor pairs gave better accuracy without increasing complexity of the model. This network, as displayed in Fig. 1 , has been used for development of estimation algorithms in [23] , [27] - [29] .
From Fig. 1 , the voltage source U(z) represents the battery Open Circuit Voltage (OCV) as a function of the state of charge. The combined model [30] , is used to describe this relationship as per (1) where parameters k1…k4 are constants for model fitting using Linear Least Squares and z is the standard Coulomb counting method for SOC estimation as defined in (2) with as the battery nominal capacity.
(1)
The ECN proposed includes the SOC and the voltages across the capacitors , as the states, the current as the input and the load voltage , as the output. Then, (3) is the state-space representation of the system with (4) as the output equation. Derivation of these is omitted yet procedures for state-space system representation is found in [31] , [32] .
The data for the U(z) relationship and the parameters values for and were obtained experimentally at the International Automotive Research Centre (IARC) by personnel from Warwick Manufacturing Group (WMG) as described in [24] . As these were provided as a function of temperature and state of charge, temperature estimation was required to update the parameter values accordingly. Cell instant temperature is estimated based on the model proposed in [13] , [14] . Equations (1) to (4), along with the parameters obtained experimentally from a NCR18650BD cell, define the model of the Lithium-ion battery. These, were implemented in Matlab/Simulink and validated against a current-voltage profile from a real world scenario provided by WMG. The input current profile is plotted in the upper section of Fig. 2 which was feed as the input to the ECN model, the bottom section is the voltage from the profile measured at the battery terminals. Also in the lower section is plotted the voltage from the model showing that it follows closely the real-world load voltage. To measure the acuracy of the model, the absolute difference between both signals was calculated resulting in a maximum difference of 0.1482 volts and a RMS of 0.0530 vrms. The drawback with the standard Coulomb Counting method in (2) is that the initial SOC, , must be known to obtain accurate values which is difficult to achieve outside laboratory conditions. Therefore, several procedures have been implemented for SOC estimation based on Kalman Filters, fuzzy logic, observers and neural networks, among others; reviews of procedures for SOC estimation can be found in [10] , [25] . State-estimators allow to "observe" signals that cannot be directly measurable in a system by using only the available measurable signals; then, for a battery, using the available current and voltage signals, the SOC can be estimated [4] . From the battery model already developed, an observer can be implemented since it already includes the variable needed as one of its states. Following the procedure in [31] , Taylor series is applied to the Open Circuit Potential in (1) to obtain a linear approximation around and an operating point, to express the non-linear battery model as the linear system of (5), where is the vector of states and the matrices A, B, C, and D are defined in (6).
(5) (6)
Then, the initial non-linear model can be represented as the sum of its nominal output and its linear incremental output . If a model of a plant exists, an observer could be designed based on it but including a feedback loop to account for any differences on the plant and observer as well as errors introduced due to sensor noise. Then, for the Nonlinear battery model a Full-Order Observer is defined as in (7) where are the observer states, is the observer output, is the observer gain matrix, is the difference between the "true" and the estimated output that helps the observer to correct for inaccuracies in its model,
, & are the model nominal outputs evaluated at the operating point around which the system was linearized and, are the incremental values.
(7)
The structure of the Full-Order Observer along with the Nonlinear Model as the plant system is represented in Figure 3 . The observer was implemented in Simulink with the nonlinear Model as the "true" system and the observer parameters and initial conditions set equal as those in the nonlinear model for performance validation. 
IV. HARDWARE-IN-THE-LOOP SETUP AND RESULTS
This section describes the experimental setup and simulation results obtained using a Real-time simulator from the Hardware-in-the-Loop Laboratory at the International Automotive Research Centre (IARC), for online validation of the estimation strategies. The battery model and observer were implemented offline in Matlab/Simulink r2016b. A Simulink template was used with the appropriate input and output signals mapped to the real-time simulator as well as separate submodules to include the battery model and observer designed in the previous sections, Figure 5 shows the model subdivision and signal arrangement. The real-time equipment used was: dSpace Scalexio real time simulator with four Intel® Xeon® cores at 3.55 GHz and a DS2680 I/O module, a dSpace battery simulator and a desktop PC to run all the associated software. Figure 6 is a diagram of the equipment with the input and output connections as they were arranged at the IARC-HIL laboratory. It must be noted that the physical current signal is the Analog Output of the ECU3, the physical voltage signal is the Analog Output form the Battery simulator and, both signals are feed into the Analog Inputs of the ECU1. The analysis performed in the previous section was repeated with the Hardware in the Loop Setup and the results were exported to .CSV files. The SOC was plotted for the true and estimated scenarios as shown in Figure 7 where the estimated SOC follows closely the true signal. As the trends for the load voltage remain very similar despite the parameter changes, they were omitted in this section. Tuning and robustness of the observer were verified in real time applying different scenarios: the initial observer SOC at 65% with the true system initial value of 20%, time convergence analysis and the observer against an aged model of a battery. Figure 8 shows the results for the first case. The graph includes the observer and nonlinear SOC as well as the difference between them. All the trends shown in the figures are similar to those obtained in the offline simulation; thus, validating real-time the SOC estimation strategy. A non-linear model of a Lithium-ion battery was derived using a ECN with two RC pairs. Offline simulations in Matlab/Simulink were used to validate this model against a real world current profile. Next, a Linear Observer was designed to estimate the State of Charge and experiments were done to establish the robustness of the observer for different scenarios: when the initial conditions between the plant and observer were set unequal, convergence time and, to evaluate the observer against battery aging. These, were performed offline and repeated with the HIL setup where strong agreement between them is observed; thus, validating realtime the SOC estimation strategy. Using the model of a battery allows to verify real-time the accuracy of SOC estimation methods without having to use an actual battery in a test chamber. The benefits of this approach are: eliminating the risk associated with cycling the cell during charging and discharging at different temperatures, reducing the cost associated with using physical cells and, ensuring repeatability of the test since the model does not suffer degradation every time it is used. Additionally, degradation can be modelled by modifying the component parameters without having to cycle the cells which is costly and time consuming.
